I
nstruments to estimate leaf chlorophyll content (μg cm -2 ), such as leaf chlorophyll meters, can be used to manage the amount of N fertilizer applied to crops based on site-specifi c requirements (Schepers et al., 1992; Varvel et al., 2007) . Remote sensing of chlorophyll content in crop canopies may help provide a low-cost alternative to plant or soil sampling Gitelson et al., 2005; Hatfi eld et al., 2008) . Vegetation indices are a simple method to reduce large data volumes from remote sensing to information useful for management. Besides leaf chlorophyll content, vegetation indices are also sensitive to diff erences of soil refl ectance, LAI, canopy cover, and canopy architecture (Eitel et al., 2009) .
Various vegetation indices are sensitive to canopy variables to diff erent degrees (Daughtry et al., 2000) , leading to combination indices, in which one index adjusts for diff erences of LAI, so that the combination index is more sensitive to leaf chlorophyll content (Haboudane et al., 2002 (Haboudane et al., , 2004 Eitel et al., 2007 Eitel et al., , 2008 Eitel et al., , 2009 . Newer indices are based on narrow-band imaging spectrometers (also called hyperspectral sensors), which are currently expensive and create very large data volumes. Th e research forefront of imaging spectroscopy is the estimation of leaf chlorophyll content and other variables by model inversion, including atmospheric and topographic corrections (Botha et al., 2007; Jacquemoud et al., 2009 ). However, agricultural management generally requires information within short windows of time, and it is uncertain that more detailed information will lead to better decisions for N management.
Th e human eye is very sensitive to changes in the green color of leaves caused by changes in chlorophyll content (unless the person is colorblind), but without some sort of aid, it is very diffi cult to quantify these changes on a consistent basis through space and time (Singh et al., 2002) . Color aerial photography is useful for determining areas with N defi ciency . Digital cameras are widely available and are sensitive to chlorophyll diff erences of leaves (Adamsen et al., 1999; Karcher and Robinson, 2003; Dani et al., 2005; Jia et al., 2007; Meyer and Carmargo Neto, 2008; Pagola et al., 2009) . One major diff erence between digital camera bands and the broad bands of multispectral sensors (such as the Landsat Th ematic Mapper [TM] ) is the considerable overlap of wavelength ranges for the three bands of a digital camera (Hunt et al., 2005) . Furthermore, in most digital color cameras, the red, green, and blue pixels are arranged in a Bayer color fi lter array, with twice as many green as red or blue pixels. Demosaicing and interpolation are used to estimate the digital numbers of the two colors not sensed by a given pixel.
Vegetation indices calculated from combinations of red, green, and blue bands have been studied previously. Usually indices that perform well at a leaf scale do not perform well at the canopy scale. For example, the normalized green red diff erence index (NGRDI): NGRDI = (Rg -Rr)/(Rg + Rr) [1] where Rg and Rr are the refl ectances of green and red sensor bands, respectively (Table 1) , is correlated to chlorophyll content at the leaf scale, but does not work well at canopy scales, because NGRDI is more sensitive to LAI (Hunt et al., 2005) . Th e objectives of this study were to develop and test a new index for digital cameras and other inexpensive sensors, which is sensitive to differences in leaf chlorophyll content at leaf and canopy scales.
BACKGROUND AND THEORY
Vegetation Indices Th e fi rst satellite indices, the ratio vegetation index (RVI) and the normalized diff erence vegetation index (NDVI) ( Table 1) , were developed to reduce the eff ects of atmospheric transmittance, atmospheric radiance, and solar irradiance (including eff ects of topography) to estimate the amount of vegetation LAI, cover, or biomass (Tucker, 1979) . Canopy refl ectance is aff ected by LAI, leaf orientation (leaf angle distribution), soil refl ectance, and the refl ectance and transmittance spectra of leaves; these variables are incorporated into canopy refl ectance models such as the SAIL model (Verhoef, 1984) . Leaf chlorophyll content can be determined from leaf refl ectance spectra (Th omas and Gausman, 1977; Bausch and Duke, 1996; Schepers et al., 1996) . Red wavelengths are strongly absorbed by chlorophyll; as chlorophyll content increases, changes in red refl ectance will be smaller per unit change of chlorophyll. As LAI increases, canopy chlorophyll content increases regardless of changes in average leaf chlorophyll content. At the leaf level, NDVI is correlated to leaf chlorophyll content; however at the canopy scale, NDVI is much more aff ected by changes in LAI (Daughtry et al., 2000; Eitel et al., 2008 Eitel et al., , 2009 ).
Compared to red and blue wavelengths, chlorophylls a and b absorb less radiation at green and red edge (RE) wavelengths. Hence, remotely-sensed indices using either green or RE bands, such as the chlorophyll index-green (CI-G) and the chlorophyll index-RE (CI-RE) (Table 1) are generally more sensitive to changes of leaf chlorophyll content compared to other indices (Gitelson et al., 2003 (Gitelson et al., , 2005 . With narrow bands Jordan, 1969; Pearson and Miller, 1972 Normalized difference vegetation index
Red-NIR NDVI (Rn -Rr)/(Rn + Rr) Rouse et al., 1974; Tucker, 1979 Soil adjusted vegetation index
Red-NIR SAVI (1 + 0.5) (Rn -Rr)/(Rn + Rr + 0.5) Huete, 1988 [2] † Indices are grouped based on the major wavelengths used: near infrared (NIR) (subscript n, 760-900 nm), red edge (RE) of chlorophyll absorption (re, 700-730 nm), red (r, 630-690 nm), green (g, 520-600 nm), blue (b, 450-520 nm) , and visible (Vis, 450-690 nm). Red-RE and RE-NIR indices typically use narrow bands, whereas Red-NIR and Vis indices may use either broad or narrow wavebands. ‡ R λ is the refl ectance at a particular wavelength λ (band is ± 5 nm around the center wavelength); λr, λg, and λb are the center wavelengths for red, green and blue bands, respectively; and Rn, Rre, Rr, Rg, and Rb are the refl ectances for NIR, RE, red, green, and blue bands, respectively. selected in the green, red, and RE, the depth of the chlorophyll absorption feature can be used to determine leaf chlorophyll content with the modifi ed chlorophyll absorption refl ectance index (MCARI; Daughtry et al., 2000) .
Most indices are calculated using ratios or normalized diff erences of two bands (Table 1) . Broge and Leblanc (2001) developed the triangular vegetation index (TVI) based on a triangle with vertices of (λn, Rn), (λr, Rr), and (λg, Rg), where Rn is the refl ectance at near-infrared (NIR) wavelengths, and λn, λr, and λg are the center wavelengths (nm) of the NIR, red, and green bands, respectively. Continuing to improve prediction of leaf N status, Haboudane et al. (2008) developed the triangular chlorophyll index (TCI) based on a triangle of RE, red, and green bands. Th e formulae for these two indices (Table 1) are derived from the area of a triangle calculated using matrix determinants.
The Triangular Greenness Index
We proposed the triangular greenness index (TGI), based on matrix determinants using the vertices: (λr, Rr), (λg, Rg), and (λb, Rb), where Rb is the refl ectance and λb is the center wavelength of a blue band (Fig. 1) . Starting with the red vertex for convenience, TGI is formulated:
[2]
using 10-nm-wide bands centered at 670, 550, and 480 nm (Fig. 1) . Th ese three wavelengths were selected to approximate the defi nite integral of the chlorophyll spectrum from 480 to 670 nm wavelength (Oppelt and Mauser, 2004) . When the green refl ectance is greater than a line between the red and blue vertices, that is, for green vegetation, TGI is positive (Fig. 1) . When the green refl ectance is less than the red-blue line, for example, for reddish soils, then TGI is negative. Th e TGI has units of wavelength × refl ectance, so changing wavelength units from nm to μm and changing fractional refl ectance to percent refl ectance does not aff ect the result with conversion of units. When broad bands and digital camera bands are substituted for the narrow bands in Fig. 1 , TGI is reduced because the green refl ectance is reduced and the red refl ectance is increased from averaging over a larger wavelength interval.
MATERIALS AND METHODS

Leaf Data Fully expanded leaves of corn (Zea mays
Wigg. aggr., n = 9); sweetgum (Liquidambar styracifl ua L., n = 10); tuliptree (Liriodendron tulipifera L., n = 10); and small-leaf linden (Tilia cordata Mill., n = 10) were collected from various experimental fi elds and wooded areas at the Beltsville Agricultural Research Center, Beltsville, MD, during the summer of 2003. Leaves were placed immediately into sealable plastic bags, stored in a cool dark container, and brought into the laboratory. Within 3 h, leaf spectral refl ectances and transmittances were measured with an ASD FieldSpec Pro FR spectrometer (Analytical Spectral Devices, Inc., Boulder, CO) and a LI-COR (Lincoln, NE) LI 1800-12 light integrating sphere. Time between leaf clipping and spectral measurements was not expected to aff ect the visible and NIR responses (Foley et al., 2006; Th omasson and Sui, 2009 ). Leaf chlorophyll content was estimated for each leaf using the mean of fi ve measurements from a Konica Minolta (Osaka, Japan) SPAD-502 chlorophyll meter. Th e relationship between chlorophyll content and chlorophyll meter values is nonlinear and varies among species based on leaf structural characteristics (Markwell et al., 1995; Castelli et al., 1996; Uddling et al., 2007; Marenco et al., 2009 ). Because we had chlorophyll data for only one experiment, SPAD values were not adjusted in the analyses.
During 2004, a N-fertilization experiment was conducted with corn using a randomized block design of three blocks, four treatments per block, and fi ve replicates per treatment (L. Corp et al., unpublished data, 2004) . Plots were 45 by 45 m in a fi eld at the Beltsville Agricultural Research Center (39°1' 46'' to 39°1' 49'' N, 76°50'42'' to 76°50'46'' W) . Starter N (20 kg ha -1 ) was applied to all plots and then 0, 50, 120, and 260 kg ha -1 were applied as sidedress N representing 0, 50, 100, and 200% of the required N. Five mature, fully expanded leaves were collected from each plot on 17 Aug. 2004, when the corn was at the R4 (dough) growth stage (Ritchie et al., 1993) . Leaf spectral refl ectance was measured using the ASD FieldSpec Pro FR and LI-COR LI 1800-12 integrating sphere as described above. Five 131-mm 2 leaf disks were collected from each leaf, placed in dimethyl sulfoxide (sulfi nylbismethane) to extract leaf pigments for 24 h, and the concentrations of chlorophylls a and b and total carotenoids were determined with a spectrophotometer using the equations from Wellburn (1994) .
Th e eff ect of band width on index calculations was investigated by averaging the spectral refl ectances to cover diff erent spectral ranges based on three diff erent sensors: a narrow-band imaging spectrometer, the Landsat TM multispectral sensor, and a commercial digital camera. Narrow bands were determined by calculating the mean spectral refl ectance for 10-nm-wide wavelength ranges: NIR (845-855 nm), RE (715-725 nm), red (665-675 nm), green (545-555 nm), and blue (475-485 nm). Th e Landsat TM has broad bands which do not overlap and does not have an RE band; mean spectral refl ectances were determined for: NIR (760-900 nm), red (630-690 nm), green (520-600 nm), and blue (450-520 nm) bands. Commercial digital cameras have three overlapping broad bands. Hunt et al. (2005) determined the spectral response of an Olympus (Melville, NY) D40 4.1-megapixel digital camera. Based on this camera, mean spectral refl ectances were determined for: red (580-660 nm), green (480-610 nm), and blue (400-520 nm) bands.
Canopy Refl ectance Data
Canopy refl ectance data from four experiments were obtained to test the suitability of TGI for N management. Th e fi rst and second datasets were obtained for fi elds of hard red spring wheat (Triticum aestivum L.) grown near Potlatch, ID (46°57'36'' N, 116°51' 36'' W) without additional irrigation (Eitel et al., 2007) and grown near Pendleton, OR (45°50' 24'' N, 118°40'48'' W) with irrigation (J. Eitel and D. Long, unpublished data, 2004) . Areas of diff erent greenness were located visually to establish plots. An ASD FieldSpec Pro spectrometer (range of 350-1050 nm) was used to measure radiation refl ected from the canopy, which was converted to spectral refl ectance using a Spectralon panel (LabSphere, North Sutton, NH). Flag leaf chlorophyll content was estimated for 30 leaves using a SPAD 502 chlorophyll meter. Th e LAI was estimated from aboveground biomass and the specifi c leaf area of the fl ag leaves (Eitel et al., 2007) .
Th e third canopy dataset was obtained for the corn fi eld in Beltsville, MD on 17 Aug. 2004 (L. Corp et al., unpublished data, 2004) , when the corn was in the R4 (dough) growth stage (Ritchie et al., 1993 ). An ASD FieldSpec Pro FR spectrometer was used to measure refl ected radiation 1 m above the canopy, which was converted to spectral refl ectance using a Spectralon panel. Th e LAI was determined at dusk using a LI-COR LAI-2000 Plant Canopy Analyzer.
Th e fourth dataset used imagery obtained by an Olympus D40 4.1-megapixel digital camera mounted on a small unmanned aerial system (Hunt et al., 2005) . Th e fi eld was located at the Beltsville Agricultural Research Center (39°1'12'' to 39°1'27'' N, 76°50'54'' to 76°51'2'' W). Th ere were two randomized blocks with 4 N treatments: 0, 31.3, 62.5, and 125 kg ha -1 applied as sidedress N. Th e data were acquired on 30 July 2003, when the corn was at the R1 (silking) growth stage (Ritchie et al., 1993) . LAI was determined at dusk using a LICOR LAI-2000 Plant Canopy Analyzer and leaf chlorophyll meter values were acquired using a SPAD-502. Images were obtained at about 200 m aboveground level (Hunt et al., 2005) . Digital numbers from fi ve colored tarpaulins were used to calibrate digital numbers to refl ectance, based on the spectral refl ectances of the tarpaulins measured with the ASD FieldSpec Pro FR spectrometer (Hunt et al., 2005) .
Leaf and Canopy Model Simulations
Spectral refl ectances and transmittances of leaves and canopies are determined by reasonably-well-understood physical processes (Jacquemoud et al., 2009 ). Simulation models based on these physical processes make predictions over a much wider range of conditions than is possible for a single experiment (see Eitel et al., 2009 ). Goward and Huemmrich (1992) fi rst used canopy simulation models to understand the theoretical basis of NDVI, which allowed scaling results from fi eld experiments to phenomena observed from satellites. Agreement of theory and data indicate that estimates some biophysical variable (chlorophyll content in this study) are not based on spurious correlations.
Th e leaf optics model, PROSPECT version 4 (Jacquemoud et al., 1996; Feret et al., 2008) , was used to simulate refl ectance and transmittance for leaves with various leaf chlorophyll contents (15-85 μg cm -2 at 10 μg cm -2 increments). For each value of chlorophyll content, the simulations used four diff erent values of the leaf structure parameter N (1.3, 1.5, 1.7, and 2.0), which accounts for diff erences in leaf thickness and cellular arrangement. N is defi ned theoretically as the number of parallel plates, separated by N-1 layers of air, characterized by an index of refraction between air and a plate (Allen et al., 1969) . Haboudane et al. (2004) found that the average parameter N was 1.55 for corn, soybean, and wheat leaves. Two other parameters, the leaf dry matter and water contents were held constant at 5 and 20 mg cm -2 , respectively, because these parameters aff ect leaf refl ectances primarily at shortwave-infrared wavelengths.
Th e SAIL model (Verhoef, 1984) was used to simulate canopy refl ectance at diff erent LAI. Th e SAIL model version used in this study is available at http://www.ars.usda.gov/Services/soft ware/ download.htm?soft wareid=12. Leaf spectral refl ectances and transmittances from the PROSPECT model simulations above were used as inputs to the SAIL model. Spectral refl ectances of four soils were used for backgrounds, which were selected to span a large range of TGI: Barnes (fi ne-loamy, mixed, superactive, frigid Calcic Hapludolls from Morris, MN); Othello (fi ne-silty, mixed, active, mesic Typic Endoaquults from Salisbury, MD); Codorus (fi ne-loamy, mixed, active, mesic Fluvaquentic Dystrudepts from Beltsville, MD); and Gaston (fi ne-loamy, mixed, superactive, frigid Calcic Hapludolls from Salisbury, NC). Th e Barnes soil is dark, the Codorus and Othello soils are bright, and the Gaston soil is reddish (Daughtry et al., 2004; Daughtry and Hunt, 2008) . Other model inputs were held constant: a latitude of 40° (latitude of Philadelphia, PA), solar declination of 22.5° (21 June), time of day of 1030 h, a nadir view angle, and 0.9 for the fraction of direct solar radiation to total solar radiation (sunny). For all SAIL model simulations, it was assumed that the leaf angle distribution was spherical, for which the histogram of leaf angles to the sun is the same as a sphere (Verhoef, 1984) .
RESULTS
Leaf Scale
Th e mean spectral refl ectance of corn leaves at visible wavelengths decreased as the amount of applied N was increased from 0 to 280 kg ha -1 (Fig. 2) . Th e total chlorophyll (a + b) content averaged (mean ± standard deviation): 35 ± 9, 51 ± 7, 57 ± 7 and 60 ± 2 μg cm -2 for the 0 to 280 kg ha -2 treatments, respectively. Using narrow bands for calculation, TGI decreased linearly with increasing leaf chlorophyll content with a correlation coeffi cient (r) of 0.83, an intercept (b 0 ) of 12.7 and a slope (b 1 ) of -0.136 (Fig. 3) . When the spectral refl ectances were averaged to match the Landsat TM bands, the regression coeffi cients between TGI and leaf chlorophyll content decreased (b 0 = 8.3, b 1 = -0.092). Furthermore, aft er averaging narrow-band spectral refl ectances to digital camera bands, the regression coeffi cients between TGI and total chlorophyll content decreased more (b 0 = 2.6, b 1 = -0.033). Th e same r and P were obtained for the regression equations with TGI from broad and digital camera bands as the regression equation for narrow-band TGI.
Th e narrow-band TGI did not have the highest correlation with leaf chlorophyll content in this dataset. Th e green normalized diff erence vegetation index (gNDVI), the normalized diff erence red edge index (NDREI), the chlorophyll indexgreen (CI-G), and the chlorophyll index-red edge (CI-RE) had r from 0.88 to 0.90. However, using broad bands, the two green-NIR indices (gNDVI and CI-G) were less correlated to leaf chlorophyll content (r = 0.71 for both indices) compared to the narrow-band indices or broad-band TGI.
Simulations using the PROSPECT model showed the same trend of decreasing TGI with increasing leaf chlorophyll content (Fig. 4) . Th e relationship between TGI and leaf chlorophyll content were nonlinear, with the absolute value of the slope decreasing with increasing chlorophyll content. As the bandwidth increased, there was a large drop in TGI at low values of leaf chlorophyll content; the diff erences were smaller at high values of leaf chlorophyll content (Fig. 4) . At a given leaf chlorophyll content, there was a decrease in TGI with an increase in the leaf structure parameter N. Th e sensitivity to the leaf structure parameter indicates there will be scatter about TGI-chlorophyll relationships, because leaf thickness and cellular structure will vary with growth conditions and within a species and among species.
We conducted additional sensitivity analyses using the PROSPECT model to determine band placement for TGI. Shift ing the wavelength positions of narrow bands ± 20 nm strongly aff ected TGI, because the wavelength shift s changed leaf spectral refl ectance (not shown). However, with broad or digital camera bands, shift ing the center wavelengths ± 20 nm from 670 nm for the red (λ 1 in Eq. [2]), 550 nm for the green (λ 2 ), and 480 nm for the blue (λ 3 ), resulted in small changes in TGI. Th erefore, we used 670, 550, and 480 nm for λ 1 , λ 2 , and λ 3 , respectively, even though these were not the center wavelengths of the broad TM and digital camera bands.
Th e TGI for leaves from diff erent species decreased nonlinearly with increasing chlorophyll-meter values for narrow bands (Fig. 5a ), broad bands (Fig. 5b) , and digital camera bands (Fig.  5c ). Polynomial linear regressions were fi t to the data in Fig. 5 ; the slopes for the quadratic terms (SPAD 2 ) were signifi cant (P < 0.001). However, the coeffi cients of multiple determination for narrow, broad, and camera bands were only slightly greater than the r 2 for the linear regressions, indicating that the quadratic terms only had a small eff ect in estimating TGI (not shown). As predicted in Fig. 4 , there were scatter in the relationships between TGI and chlorophyll-meter values, which were reduced as bandwidth increased (standard errors of ŷ for the polynomial linear regressions were 1.91, 1.26, and 0.35, for the narrow, broad, and camera bands, respectively). Th e net result was that the correlation coeffi cients between TGI and chlorophyll-meter values were similar for the three diff erent bandwidths (Fig. 5, Table 2 ). Th e residuals between the measured and predicted TGI from the polynomial linear regressions were examined by species and measurement date; only the residuals for corn were distributed about zero. Residuals were either all positive or all negative for the other species. Th erefore, each species has a diff erent relationship between TGI and chlorophyll-meter value. Furthermore, leaf TGI for corn had diff erent patterns of residuals for four diff erent dates of measurement, indicating that within a species, the relationship between TGI and chlorophyll-meter values was not constant. Much of the variation among species and measurement dates could be the result of diff erences in leaf structure (Fig. 4) .
Of the many types of vegetation indices, TGI had a better correlation with chlorophyll meter values than 18 of the 22 narrowband indices (Table 2) . Of the four narrow-band indices that performed better and four indices that performed about equally to TGI, fi ve were indices that used an RE band (NDREI, CI-RE, MTCI, TCARI, and TCARI/OSAVI, Table 2), and three were indices that used only visible bands (VARI, GLI, and NGRDI, Table 2 ). Indices with green and NIR narrow bands (gNDVI and CI-G) also had good correlations (Table 2) . With both broad bands and digital-camera bands, TGI had the best correlation with chlorophyll-meter values (Table 2) . Th e TGI and four broad-band indices had similar correlation coeffi cients compared to their narrow-band counterparts. Th e only digital-camera indices that had similar correlation coeffi cients with their narrow-band counterparts were the green leaf index and TGI (Table 2) . 
Canopy Scale
Th e SAIL model simulations indicated that narrow-band canopy TGI should be lower than leaf TGI for a given leaf chlorophyll content (Fig. 4 vs. Fig. 6 ). Th e maximum TGI was 15 to 20 for a chlorophyll content of 15 μg cm -2 from PROS-PECT model simulations (Fig. 4) , whereas maximum TGI was 7 to 8 from SAIL model simulations (Fig. 6) . Canopy TGI was relatively constant at a given leaf chlorophyll content, when LAI was >2 (Fig. 6) . With LAI from 0.5 to 1.0, TGI would be detectable only for very low values of leaf chlorophyll content (Fig. 6) , because of the expected variation caused by the leaf structure parameter N. Furthermore, for an LAI of 3.0, TGI was not aff ected by soil background refl ectance (Fig. 7) ; TGI was only aff ected by leaf chlorophyll content. However, for an LAI of 0.5, TGI was strongly aff ected by soil background refl ectance (Fig. 7) .
Th e eff ect of LAI was tested using data from spring wheat (Eitel et al., 2007) and corn. For spring wheat (Idaho fi eld) with LAI's > 3.0, there was a good correlation between narrow-band TGI and chlorophyll-meter values (Fig. 8A) . Only two indices (CVI and MCARI/MTVI2) had better correlations with chlorophyll-meter values (Table 3) . For spring wheat (Oregon fi eld) with LAI's < 1.5, there was no correlation between TGI and chlorophyll-meter values (Fig. 8B) . However, for the spring wheat (Oregon fi eld), most vegetation indices were signifi cantly correlated (P < 0.01) to chlorophyll-meter values (Table 3) . For example, the correlation coeffi cient between chlorophyll-meter values and NDVI was 0.08 for the Idaho fi eld, whereas it was 0.31 for the Oregon fi eld, indicating LAI was co-varying with chlorophyll-meter value (Eitel et al., 2007) . Compared to correlations of narrow-band canopy TGI with leaf chlorophyll content for corn (Table 3) , 5 of 22 indices had higher correlation coeffi cients and 4 of 22 had similar correlation coeffi cients. Five of these nine indices used a RE band, and three were based on green and NIR bands. Only one other index using visible bands (VARI) had a correlation with leaf chlorophyll content similar to TGI (Table 3) .
Digital camera images acquired from a small unmanned aerial system (Hunt et al., 2005) were reanalyzed to calculate TGI (Fig. 9) . Th e correlation coeffi cient between TGI and chlorophyll-meter values was much greater than the correlation with NGRDI and chlorophyll-meter values (Fig. 9) . Furthermore, the two other visible-band indices, green leaf index and the visible atmospherically resistant index, had still lower correlations with chlorophyll meter values (r of -0.28 and -0.19, respectively) .
DISCUSSION
One of the objectives for developing better vegetation indices is to acquire data for in-season N management. However early in the growing season, vegetation cover and LAI are low, which decreases sensitivity of most indices to chlorophyll content. Th e index proposed and tested in this study, TGI, did not work well for canopies with low LAI, based on both SAIL model simulations and spring wheat data from Eitel et al. (2007) . Another method of data acquisition and analysis capitalizes on the very-high spatial resolution available from digital photographs, which is to extract and analyze only pure leaf pixels . Without soil and shadow creating mixed pixels, TGI and other indices are expected to have greater sensitivity to leaf chlorophyll content at the canopy scale. Timely, very-high-spatial resolution is diffi cult and costly to achieve with satellite and manned aircraft platforms, particularly for narrow-band imaging spectrometers. Th e results from this study indicated that digital cameras might be used to acquire very-highspatial resolution TGI to estimate leaf chlorophyll content.
Many digital cameras are able to record their global positioning system location, so nadir-looking cameras mounted on poles could be walked through a fi eld (like leaf chlorophyll meters), and the point values of TGI could be used to create a map by geostatistical interpolation. Digital cameras are easily mounted in low-cost unmanned aerial systems, and when fl own at low altitude, the digital cameras will acquire very-high-spatial resolution data (Hunt et al., 2005 (Hunt et al., , 2010 . Besides their use for nutrient management, the digital images may be used to survey crops for other problems such as diseases, pests, and weeds.
At the leaf or canopy scale, chlorophyll indices, especially those that use a narrow band situated on the RE of the chlorophyll-a absorption spectrum, generally had as good or better correlations with chlorophyll-meter values compared to TGI. Correlations of TGI with leaf chlorophyll content or chlorophyll-meter value were consistently good using narrow bands, broad bands, or digitalcamera bands. Th e relationships between narrow-band TGI and chlorophyll meter value were nonlinear (Fig. 5) and varied among species. Th ese diff erences were probably not caused by the use of a chlorophyll meter, because there were similar diff erences from the PROSPECT model simulations (Fig. 4) . With calibration to account for changes of leaf thickness and cellular arrangement caused by diff erent species or the same species growing under diff erent conditions, estimates of leaf chlorophyll content using TGI may be made more accurate. But the eff ort required for more accurate estimates may not be necessary if TGI is used as a relative indication of plant N status. Furthermore, in many agricultural systems, another response of crops to N variability is to change growth rates. Vegetation indices such as NDVI, available from color-infrared photography, may be used to monitor changes in LAI resulting from diff erent growth rates early in the growing season (Tomer et al., 1997; Flowers et al., 2003; Sripada et al., 2006 Sripada et al., , 2007 Jensen et al., 2007; Swain et al., 2007) .
More research is required before TGI and digital cameras may be used for low-cost estimation of leaf chlorophyll content. One problem is correcting for variations of light intensity and camera exposure among images, even if a few pure leaf pixels are extracted from each image. Both overexposure and underexposure reduce the diff erences in digital numbers among the three camera bands (Russ, 2007, p. 45) . Automatic exposure settings are usually calculated assuming a constant refl ectance for the overall scene, which may cause images to be overexposed or underexposed when there are diff erent amounts of exposed bare soil in the picture. Furthermore, computer image formats [e.g., tagged image fi le format (TIFF) or joint photographic experts group (JPEG)] are produced using a white-balance model of the light-source, which aff ects the fi nal digital numbers of the image (Verhoeven, 2010) . Some problems may be reduced using the image header information and the internal fi le format (raw image) of the digital camera (Verhoeven, 2010) , but internal fi le formats are proprietary and may diff er among cameras from the same manufacturer. Spatial resolutions from 1 to 900 m 2 , that is, pixels from 1 to 30 m on a side, are typical for canopy scales (Jacquemoud et al., 2009) . Early in the growing season, even 1-m pixels would mostly be dominated by refl ectance from bare soil. Combined indices are oft en highly correlated to leaf chlorophyll content, because the index used as the denominator removes a large amount of variation caused by diff erences in LAI, percent cover, and other variables (Daughtry et al., 2000; Haboudane et al., 2004; Eitel et al., 2007 Eitel et al., , 2008 . Because the response of TGI with LAI is saturated around an LAI of 2.0 (Fig. 6) , we found that other indices combined with TGI did not improve correlations to leaf chlorophyll concentration (data not shown).
One result distinguishes TGI from other indices at the leaf scale (Table 2 ; Fig. 4 and 5)-its correlations with leaf chlorophyll content were not reduced when averaging spectral refl ectances to broad bands and digital camera bands. Indices using RE bands need to use narrow bands by defi nition and red-NIR indices were not designed to predict leaf chlorophyll content. As expected based on the Beer-Lambert law, when leaf chlorophyll content is reduced, the red chlorophyll absorption feature becomes narrower (Th omas and Gausman, 1977; Gitelson and Merzlyak, 1994) . With narrow bands, this spectral shift has little eff ect on calculated indices, whereas for broad bands, increased refl ectance at yellow wavelengths (600-620 nm) causes an increase in the broad red band. Th is eff ect is reduced using broad bands defi ned by the Landsat TM, because the wavelength ranges of the green and red bands are separated by 30 nm. Another formula for triangular area is 0.5 × base × height, so the diff erence between the green and red band refl ectance (e.g., NGRDI) is correlated to leaf chlorophyll content using narrow bands. However, the correlations between NGRDI and leaf chlorophyll content are reduced with broad bands and digital camera bands because chlorophyll absorption features are averaged over larger sensor bands (Fig. 1) . Th e blue band is important for TGI because blue light absorption by various carotenoids and other leaf biochemical constituents tend to reduce changes in blue refl ectance caused by diff erences in chlorophyll content (Feret et al., 2008) . On the other hand, blue wavelengths are more aff ected by Rayleigh scattering in the atmosphere compared to green and red bands.
CONCLUSIONS
Th ere are many diff erent vegetation indices for remote sensing, in part because scaling up from leaves to canopies is aff ected by so many variables, from leaf structure (parameter N) to LAI and soils. Th e TGI was shown to be related to leaf chlorophyll content theoretically with PROSPECT and SAIL model simulations, and experimentally with leaf chlorophyll and chlorophyll-meter data. Much of the variation among species and sampling dates may be attributed to variations in the leaf structure parameter N. Th ere are better indices for estimating leaf chlorophyll content from refl ectance spectra; however, these data are usually expensive to acquire. For rapid, low-cost information about leaf chlorophyll content, TGI may be useful because digital cameras could be used as inexpensive sensors.
